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Abstract

This paper assesses the robustness of the popular Goyal and Welch graphical procedure
which has been extensively used in the literature to evaluate the performance of predic-
tive models for stock returns among other contexts. To this end, we simulate the graphical
diagnostic and construct a sign-based test allowing us to examine its behaviour under vari-
ous sample sizes, data generating processes and levels of correlation. Our simulations re-
veal that correlation does have an effect on the graph in smaller samples but the technique
is quite robust when sufficiently large data sets are employed. Moreover, we demonstrate
that the graphical diagnostic is generally well-sized and yields a satisfactory power per-
formance in most cases. This result holds also under the assumption of heteroskedasticity.
Overall, our analysis suggests that the graphical diagnostic can be an important comple-
ment to the more conventional methods seeking to assess out-of-sample predictive ability.

Keywords Stock return predictability - Monte carlo simulation - Out-of-sample
prediction - Recursive forecasts - Dividend ratios

JEL classification C15 - C22 - C53 - G17

1 Introduction

During the last four decades, a vast literature has well documented the ongoing debate
regarding whether stock market returns are predictable. The sheer variety of testing pro-
cedures and complicated methodologies that have been proposed as well as the numerous
markets and sample periods that have been examined, may give a clear explanation of why
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it is difficult to achieve a general consensus.! On the one hand, the extant literature provides
ample evidence of both in-sample and out-of-sample stock return predictability by means
of various financial and macroeconomic variables or technical indicators (see, inter alia,
Rozeff 1984; Campbell and Shiller 1988a, b; Fama and French 1988; Lamont 1998; Pontiff
and Schall 1998; Lettau and Ludvigson 2001; McMillan 2003; Pesaran and Timmermann
2000; Rapach and Wohar 2006; Campbell and Thompson 2008; Kellard et al. 2010; Rapach
et al. 2013; Jordan et al. 2014; Neely et al. 2014; Charles et al. 2017; Kuntz 2020; Tsiakas
et al. 2020).

On the other hand, there are several studies that find no predictable components in stock
returns. For example, Bossaerts and Hillion (1999) suggest that even the best prediction
models have weak out-of-sample predictive power while Goyal and Welch (2003) show
that the popular dividend ratios are not useful predictors of the US equity premium. In a
comprehensive study, Welch and Goyal (2008) demonstrate that virtually all possible pre-
dictive variables perform poorly against the historical moving average benchmark model
and stress that this result is a systemic problem not restricted to any decade.? The case of
weak evidence for return predictability is also supported by Ang and Bekaert (2007), Choi
et al. (2016) and Goyal et al. (2024), among others.

Furthermore, a strand of literature is related to the potential econometric problems of
stock return predictability. Small sample biases in predictive regressions, overlapping
observations and highly persistent predictor variables are the focal point of various studies
which have re-examined and criticized the evidence of predictability (see, Goetzmann and
Jorion 1993; Nelson and Kim 1993; Ferson et al. 2003; Goyal et al. 2024). As a result, a
growing body of research work has proposed some new testing procedures which involve
bias-corrected estimators in predictive regressions for valid inference (e.g., Lewellen 2004,
Amihud and Hurvich 2004; Amihud et al. 2004; Campbell and Yogo 2006; Hjalmarsson
2011; Kostakis et al. 2015; Harvey et al. 2023).

A very important issue within the return predictability literature is the fact that finding
in-sample statistical significance does not necessarily mean that the employed variables
will also exhibit a successful predictive performance out-of-sample. Out-of-sample tests are
typically believed to provide an approach to mitigate the effects of data mining and as such,
they are often used for a more robust evaluation of competing forecasting models.> More
importantly, they are of particular interest to investors who aim to improve their invest-
ment strategies by relying on real-time predictions of stock returns. Within this context,
Goyal and Welch (2003) (henceforth GW) introduce a recursive residuals (out-of-sample)
graphical procedure for equity premium and stock return prediction and firmly suggest that
future papers adopt their approach when investigating the market timing ability of differ-
ent predictive variables. An interesting aspect of this methodology stems from the more
dynamic identification of predictability. One can clearly observe the time periods where the
predictive variable succeeds or fails in predicting the equity premium out-of-sample. Hence,

! For a comprehensive overview of the return predictability literature, see Rapach and Zhou (2022).

2 Campbell and Thompson (2008) show that once sensible restrictions are imposed on the signs of the coef-
ficients and stock returns when constructing out-of-sample forecasts, the out-of-sample explanatory power
can be economically meaningful for investors.

3 Interestingly, a few papers have challenged this “conventional wisdom”. For example, Inoue and Killian
(2004) and Rapach and Wohar (2006) support the view that if appropriate tests are employed, in-sample and
out-of-sample tests are equally reliable.
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it makes it easy to understand the relative performance of the competing forecasting models.
Although graphing recursive residuals is a relatively simple approach, ignoring its use or
findings may leave useful information regarding predictability uncovered. Therefore, it is
possible that when conventional summary measures indicate no predictability, the graphical
procedure may suggest otherwise and reveal concealed aspects of forecastability.

The usefulness and intuitive appeal of the graphical diagnostic suggested by GW has led
to its extensive use in the literature by numerous studies within various settings of predict-
ability. For example, it has been employed to explore the predictive ability of different mod-
els for stock returns (e.g., Robertson and Wright 2006; Welch and Goyal 2008; Schrimpf
2010; Kellard et al. 2010; Rapach et al. 2010; Andriosopoulos et al. 2014; Pettenuzzo and
Ravazzolo 2016; Algaba and Boudt 2017; Lawrenz and Zorn 2017; Lima and Meng 2017;
Zakamulin 2017; Yin 2019; Yin et al. 2019; Félix et al. 2020; Kuntz 2020; Stockl and Kaiser
2021; Yin 2021; Li et al. 2022; Sakkas and Tessaromatis 2022; Yin 2022; Alexandridis et al.
2023; Deng et al. 2024; Liu et al. 2024; Nygaard and Serensen 2024; Park et al. 2024; Wang
et al. 2024; Chen et al. 2025), stock market volatility (e.g., Chen et al. 2016; Xie 2019; Ciner
2025), oil price returns (e.g., Zhang et al. 2019), oil and gas volatility (e.g., Xu and Lien
2022; Luo et al. 2024), bond excess returns (e.g., Yin and Yang 2024), bond yields (e.g., Cal-
deira et al. 2016; Caldeira and Torrent 2017), exchange rates (e.g., Foroni et al. 2018), gross
domestic product (e.g., Bjornland et al. 2017), inflation (e.g., Hong et al. 2025), interbank
rates (e.g., Monticini and Ravazzolo 2014), leverage (e.g., Amini et al. 2021), credit default
swaps (e.g., Procasky and Yin 2022; Procasky and Yin 2023), commodity returns (Angelidis
et al. 2025; Gao et al. 2025), and cryptocurrency returns (e.g., Bennett et al. 2024). Hence, it
is clearly established as a very popular technique among studies that seek to assess predic-
tive performance within diverse frameworks.

This paper extends the work of GW and contributes to the return predictability literature
by employing Monte Carlo simulations to assess the robustness of their proposed graphi-
cal procedure. This is an important issue given its appealing nature and widespread use in
various contexts which involve the comparison of competing forecasting models. However,
little is known about its finite-sample properties and behaviour. Our aim is to fill this gap and
provide new evidence that will allow us to evaluate the usefulness of this diagnostic test as
a complementary measure for out-of-sample predictive ability. To that end, we construct a
sign-based test which is derived from the algebraic representation of the procedure.* There-
fore, our analysis facilitates a “formal” comparison between the graphical diagnostic and
the more conventional tests of equal predictive accuracy. To our knowledge, this is a unique
concept that has not been applied in the literature. We offer evidence with respect to various
sample sizes, empirically relevant proportions of out-of-sample to in-sample observations
for each case and we also account for different levels of correlation between the innovations
in the returns and the predictive variable processes.’ The returns series are generated based
on normally distributed errors but as a robustness check we extend the analysis to consider
the case of GARCH(1,1) innovations.

The first step in our methodology is to construct simulated out-of-sample forecasts from
two models: the unconditional historical moving average model and the conditional divi-

4 In a different context, theoretical work by Christoffersen and Diebold (2006) suggests that volatility depen-
dence produces sign dependence, and hence forecastability, as long as expected returns are non-zero.

5 The latter is represented by the dividend-price ratio which is one of the most prominent candidates to
predict stock returns.
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dend-price ratio model. Subsequently, we are able to simulate the graphical diagnostic by
calculating its algebraic representation at each replication. We then employ a sign-based test
and focus on the percentage of positive points of the graphical procedure which is an indica-
tion of predictive ability. Empirical critical values for this expression are derived, allowing
us to explore the finite-sample size and power properties of the graphical method.

Additionally, in each Monte Carlo draw we compute the classic Diebold and Mariano
(1995) test statistic of equal predictive accuracy, one of its modifications proposed by Har-
vey et al. (1997) and a subsequent influential test developed by McCracken (2007). Our
paper provides empirical evidence and discusses the size and power properties of these
statistics. The Diebold and Mariano (1995) test and its modified version by Harvey et al.
(1997) are widely used in the literature until today (for recent applications in various con-
texts, see, Gkillas et al. 2021; Adediran and Swaray 2023; Asgharian et al. 2023; Basistha
2023; Ellwanger and Snudden 2023; Gao et al. 2023; Campisi et al. 2024; Lan et al. 2024;
Salisu et al. 2024; Yang et al. 2024; Hong et al. 2025; Labonne 2025). On the other hand,
the statistic of McCracken (2007) is generally found to be more powerful and to yield better
size properties in finite samples (see also, Clark and McCracken 2009).”

Turning to our preliminary results, we find that a high correlation between the errors in
the excess returns and the dividend-price ratio processes has some effect on the graphical
procedure in small samples. However, this effect diminishes as the sample size increases
and the graphical diagnostic appears to be quite robust. This result holds under different sce-
narios (e.g., sample sizes, proportions of out-of-sample to in-sample observations or under
the assumption of heteroskedasticity in the errors).

Our Monte Carlo analysis then focuses on the finite-sample size properties of the graphi-
cal procedure. Specifically, we report estimates of the probability of making a type I error
under the null hypothesis of equal predictive accuracy between the two competing models.
As expected, we find some evidence of over-rejecting the null in small samples (especially
under the presence of high correlation). This is also true for the more conventional statistics
under consideration. However, as the sample size increases, all statistics appear to be well-
sized and the effect of correlation disappears in most cases. These results remain consistent
when we consider two different specifications of GARCH(1,1) innovations to generate the
returns series.

Finally, we explore the empirical power properties of the graphical procedure along
with the more conventional tests of equal predictive accuracy. Under different scenarios,
we demonstrate that for all statistics there is a significant gain in power as the sample size
increases and they exhibit a satisfactory performance. In a strictly statistical sense and in
line with earlier work, we find that the formal test suggested by McCracken (2007) gener-
ally yields the highest power.

Overall, our study reveals that the graphical procedure of GW exhibits satisfactory and
stable finite-sample properties and it is well-sized under most scenarios within our Monte
Carlo experiment. Hence, in conjunction with its dynamic and insightful nature, we suggest
that it can act as a useful complementary tool for assessing the relative predictive performance

® Note that our aim is not to provide an exhaustive comparison between various well-known statistics of
equal predictive accuracy or their extensions. Our main focus is on the finite-sample behaviour of the
graphical procedure of GW as a complementary diagnostic test.

7 For recent evidence employing this statistic, see Berisha et al. (2021), Bouri et al. (2021), Costantini and
Kunst (2021), Stauskas and Westerlund (2022), Su et al. (2022) and Gupta et al. (2023).
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of different models. This is of particular interest to academics and investors who rely on real-
time data to construct forecasts and to form trading strategies. Our findings also indicate that
caution is warranted when very small samples are considered, given that the corresponding
results may be susceptible to some biases in such cases (especially under the presence of high
correlation). However, this is something that may affect all other well-known tests of predic-
tive accuracy and it is not limited only to the use of the graphical diagnostic.

The remainder of the paper is organized as follows. Section 2 describes the methodology
and carries out the Monte Carlo experiments. Section 3 discusses the empirical results and
a final section concludes.

2 Methodology
2.1 Simulation design
2.1.1 Gaussian errors

Let r; denote the excess stock return in period ¢ =1,...,7 and let z; denote the corre-
sponding value of the predictive variable of interest such as the dividend-price ratio. We
rely on the standard data generating process (DGP) most often found in the literature (see,
inter alia, Campbell and Yogo 2006; Clark and West 2006; Rapach and Wohar 2006) and we
postulate that the data are generated according to:®

Ty = a4+ bri_1 + uyy, 1)

Ty = +pTi1 + usy, 2)

where the joint innovations wu; = (u1s,up;) are independently and identically dis-
tributed (i.i.d.), normal with unit variance and correlation 0. Consequently, we set

U =0 uge +V1—9 2vt,vt ~ N (0,1) and we let the correlation vary between 0 and

—0.9. The negative correlation between the innovations to excess returns and the divi-
dend-price ratio is a common assumption in the return predictability literature which is
empirically supported by previous studies (e.g., Engstrom 2003; Campbell and Yogo 2006;
Hjalmarsson 2011). The intercepts a and 4 are set to 0.05 and —3.31 respectively,” while
the autoregressive root p is set equal to 0.93.'° In experiments evaluating size (i.e. under
the null of no predictability), b6 = 0 in Eq. (1). On the other hand, b # 0 in experiments
evaluating power (i.e. under the alternative).

2.1.2 GARCH(1,1) errors

In this section, we extend the DGP described above to consider data with conditional het-
eroskedasticity and the fat-tails features that are often thought to characterize financial data.

8 All simulations are carried out in Ox (see, https://www.doornik.com/).
% Our results are invariant to these coefficients (both under the null and the alternative hypotheses).

10 The model used for the dividend-price ratio was derived by fitting an AR(1) process to UK monthly data
taken from the UK FTSE All-Share index (see, Kellard et al. 2010).
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For that purpose, we generate GARCH(1,1) innovations for the returns series which are
driven either by the standard normal distribution or by the Student’s z-distribution with five
degrees of freedom (¢ (5)).!! In particular, the GARCH(1,1) model is u1; = z;0 ; where
2z ~i.4.d.N(0,1)or zz ~t(5)and 02 = Ao+ A 1u2, | + X202 |, where Ao, A and
X o are constants.'? Provided that the condition A1 + X o < 1 is satisfied, the uq; series is
covariance stationary. Evidence from stock market data suggests that A ; + A 2 as well as
A o are close to one. He and Terdsvirta (1999) show that the unconditional fourth moment of
uy, exists for GARCH(1,1) models if and only if A% + 2X\ 1 X 9Bz > + A 2E|z|* < 1. We
set Ag =0.06, A1 =0.05and X5 = 0.89. With this parameterization, the He and Terés-
virta (1999) condition for the existence of the fourth moment is satisfied and also, it is
ensured that the unconditional variance of wu; is the same as in the homoskedastic case (i.e.
equal to one).

2.2 Predictive regressions and out-of-sample simulated forecasts

Typically, the evaluation of in-sample predictability involves the estimation of the following
regression model:

re =0 + B x_1+ €y, 3)

where 7 is the equity premium and x;_; is the lagged predictive variable of interest such
as the dividend-price ratio. The predictive ability of x;_; is assessed by examining the

t-statistic corresponding to 8 , the OLS estimator of § in Eq. (3), as well as the goodness
of fit measure, R2. The null hypothesis of no predictability implies that 3 = 0.

As in GW, we focus on a real-time market investor and use only then-available data in
our simulations. Consequently, the question of interest is how the conditional dividend
ratio model would perform out-of-sample, when compared against the unconditional his-
torical equity premium model (the prevailing historical moving average). For both mod-
els, we use the recursive scheme to predict one-step-ahead equity premia. First, the total
sample of T observations is divided into in-sample and out-of-sample proportions. The
in-sample observations span from 1 to R. Letting P denote the number of one-step-ahead
predictions, the out-of-sample observations span R + 1 through R + P. Consequently,
regarding the dividend model, Eq. (3) is estimated repeatedly via OLS and forecasts are
updated as additional data become available in each period. On the other hand, the pre-
vailing up-to-date equity premium average is used to predict the next period’s equity
premium.

Results are reported for sample sizes varying between 80 and 1600 observations and we
also consider empirically relevant combinations of in-sample and out-of-sample proportions
for each sample. In particular, we let the ratio m = % take values between 0.4 and 2.0.

The next sub-section discusses the conventional tests of equal predictive accuracy which
are employed in this study.

I Respectively, the errors in the z+ process will be standard normal or a linear combination of underlying
innovations drawn from the ¢ (5) distribution.

12 Now we have: corr(uat, z¢) = 6 (see, for example, Clark and West 2006).
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2.3 Conventional tests for comparing predictive accuracy

The first test we consider is the classic Diebold and Mariano (1995) statistic (henceforth
DM) which assumes equal predictive ability between two competing models. The approach
of DM can be summarized as follows.

A A

Consider h-step-ahead forecasts in a P row vector and let ¥;; and ¥, denote
the forecasts of y; obtained from two different models; now let g (e;),i =1,2 be
some arbitrary loss function where €;; is the corresponding forecast error (that is,

A
€it =Y+ — Yit,© =1,2). The null hypothesis of equal predictive accuracy can be
expressed as: Hp: Elg(e1:)] = FEg(€a)] or equivalently Hy: FE[d;] =0 where
di = g(e1¢) — g(e2).> DM show that the asymptotic distribution of the sample

mean loss differential d = P~1>" 5:1 [g(e1) —g(e2)] =P~ ledt is given by
VP@—p) % N(0,V(d)) where V (d) is the variance of d. It can be shown that a

consistent estimator of the asymptotic variance V' (E) is given by:

h=1 A

‘?(d ’Yo +2Z Y&l 4)

where fyAk is an estimate of the k' autocovariance of d;, calculated as:
A 1 P _ _
Y= thzlﬁ_l(dt*d)(dtfk*d)v ®)

The DM test statistic is then expressed as follows:

Pt P_1 €1t) — g (€2t
par = P (e ) — g (ea) "

v (d)

Under the null, the DM statistic follows asymptotically the standard normal distribution. For
this to be true however, some conditions must hold.

For example, when applied to non-nested models, West (1996) shows that the DM sta-
tistic can be asymptotically standard normal. However, McCracken (2007) shows that for
forecasts from nested models it has a non-standard limiting distribution and he provides
tables with asymptotically valid critical values. Thus, in our Monte Carlo analysis we use
the asymptotic critical values tabulated by McCracken (2007).

Furthermore, in each draw we employ a modified version of the original DM statistic
(henceforth MDM), proposed by Harvey et al. (1997), that corrects for size distortions in
small samples. Harvey et al. (1997) suggest that critical values from the Student’s z-distri-
bution (with P — 1 degrees of freedom) are more appropriate when the MDM statistic is
considered. For an 4-step-ahead forecast in a P row forecast vector, the MDM is given by:

13 When comparing mean squared errors (MSE) between two nested models as we do, the appropriate loss
function is of the form: g (e 1) = € ?t,i = 1,2 where ¢ = 1 stands for the unconditional model and 7 = 2
corresponds to the conditional dividend model.
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_ —1 _
MDM_\/P—i—l 2h+PP h(h—1) DM, ™

For h =1, we have that MDM = /(P —1)/P DM. Again, while theory suggests
that the MDM follows a ¢-distribution for non-nested models, it has a non-standard limit-
ing distribution when comparing forecasts between nested models. Hence, in our Monte
Carlo analysis we use the numerical estimates of the asymptotic critical values provided by
McCracken (2007).

Extending the earlier empirical work, McCracken (2007) develops an out-of-sample
F-type test which is designed to test for equal predictive accuracy based on the mean squared
error criterion (MSE). He shows that the new statistic converges in distribution to a function
of stochastic integrals of quadratics of Brownian motion and derives asymptotic critical val-
ues for valid inference. Compared to the other alternatives, the proposed statistic is found to
be more powerful and to have better size properties in extensive Monte Carlo experiments.
Denoting it by MCCR, its algebraic representation can be expressed as follows:

P g (f 1t) — g (€21)]

MCCR=P ®)

I

where € ;,7 = 1,2 denote the forecast errors from the two competing models and
g (€4),7=1,2 is the relevant quadratic loss function as defined earlier. Finally, ¢ con-
verges in probability to a certain normalizing constant. In our case, ¢ is defined as
Py leg (€21) = P71 lee 2,. Under this setup, this statistic takes the form of the
standard F-test but adapted to an out-of-sample context (see, McCracken 2007). It is impor-
tant to note here that in the case of nested models the tests are one-sided. The null hypothesis
of equal predictive accuracy is tested against the alternative that the unconditional model
produces less accurate forecasts compared to the conditional dividend ratio model (i.e. it has
greater mean squared forecast error).

Next, we present the graphical procedure and describe the simulation approach we fol-
low with the purpose of exploring its properties.
2.4 A graphical diagnostic test for out-of-sample predictive ability
2.4.1 Background

As mentioned earlier, GW propose a graphical method which they claim can act as a pow-
erful diagnostic test for equity premium and stock return prediction. The procedure con-
sists of plotting (against time) the cumulative sum-squared error from the unconditional
model minus the cumulative sum-squared error from the dividend ratio model (denoted by
Net — SSEr) and is given by:

Net — SSET _ Z j_T . [SEtPrevailing Mean __ SEtDividend Model}7 (9)

where T is the total sample size, R is the in-sample size and SFE; is the squared out-of-
sample prediction error in observation t. The prevailing up-to-date equity premium aver-
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age gives the estimate of the unconditional model. The conditional prediction errors of the
dividend model are derived from recursive regressions with the dividend-price ratio being
the sole predictor of the next period’s equity premium (see Sect. 2.2). It is evident from the
above expression that a positive value implies the superior performance of the dividend
ratio model against the historical moving average model so far. Additionally, a positive
slope suggests that the dividend model had lower forecasting error in a given period.

2.4.2 Simulating the graphical procedure

As noted in the introduction, the aim of this paper is to provide new evidence and assess, via
Monte Carlo simulations, the robustness and usefulness of GW’s methodology in terms of
equity premium and stock return prediction. For that purpose, we construct a sign test which
is based on the graphical procedure. At each replication in our simulations, the algebraic
expression shown in Eq. (9) is estimated. In order to evaluate the performance of the condi-
tional model we focus on the percentage of the values of Net — SSEr which are positive
in the out-of-sample period. Therefore, at each replication ¢, considering n; sample sizes
T}, and ny different proportions of out-of-sample to in-sample observations ( 7 1) for each
sample, we compute:

or = gi x 100,QF =" ?WMI[( Net —SSEr), >0,i=1,...N.j=1,...,n,k=1,..,n, (10)
where at replication i, Qf * is the number of positive out-of-sample observations of the
graph with respect to sample size 7} and ratio 7 x, out of a total of P7* forecasts for each
case. Furthermore, R7* denotes the number of in-sample observations and [ is the indicator
function. For the above cases, our first results report the average of all percentages (under
the null) considering the number of repetitions of the experiment (we call it ¢;;):

N jk
G = 220 k= s (a1

where N is the number of Monte Carlo replications. The above experiment is also carried
out under different levels of correlation § between the returns and the dividend-price ratio
processes.

2.4.3 Exploring the size and power properties of the graphical procedure

This section delves deeper into the properties of qg ¥ which is described in the previous sec-

tion. As mentioned above, in each draw 1, qg k represents the percentage of positive points
(out-of-sample) of the diagnostic test, with j and k as defined in Eq. (10). The graphical
procedure is not a standard measure of predictive ability with any kind of known behaviour.
Therefore, we derive empirical critical values for qf * and we perform one-sided tests at the
5% level of significance. This approach enables us to conduct size and power simulations.
Additionally, it facilitates a more “formal” comparison between the graphical diagnostic
and the conventional tests of equal predictive accuracy.

We generate a large sample of 6,000 observations (i.e. j = 1) and, considering differ-
ent out-of-sample to in-sample proportions ( 7 ), we repeat the experiment 50,000 times,
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Table 1 Emp.irical critical values m — £ 99th Percentile 95th Percentile 90th Percentile

for the graphical procedure R
0.1 1.000 0.982 0.932
0.2 0.999 0.973 0.908
0.4 0.998 0.956 0.864
0.6 0.997 0.944 0.835
0.8 0.996 0.926 0.795
1.0 0.994 0.907 0.772
1.2 0.992 0.899 0.743
1.4 0.991 0.877 0.721
1.6 0.989 0.869 0.699
1.8 0.988 0.859 0.688
2.0 0.985 0.840 0.667
3.0 0.977 0.782 0.601

Explanation: This table tabulates the calculated empirical critical
values at the usual levels of significance, for the sign-based test
inspired by the graphical procedure of Goyal and Welch (2003). The
99th, 95th and 90th percentiles were derived from an experiment
which uses a sample of 6,000 observations. The number of repetitions
is 50,000. Section 2.4.2 describes the simulation approach and Section
2.4.3 explains how we obtain the critical values. The ratio of out-of-
sample (P) to in-sample (R) observations is denoted by z. Table 1
shows the results with respect to various values of 7

calculating qi ¥ at each replication.'* In this way, we obtain an empirical distribution for
qf ¥ For each case, the 95th percentile of the empirical distribution is chosen as the critical
value at the 5% level.! Table 1 tabulates the computed critical values for various values of
7, (k =1,...,12) and with respect to the levels of significance 1%, 5% and 10%.'°

Next, we set up new experiments for all sample sizes under consideration and, in each
draw, we compare the computed qﬁ k against the simulated critical values, obtaining the
empirical size and power of the graphical diagnostic. For a more direct comparison, size and
power results are also reported for the well-known statistics described in Sect. 2.3.

3 Results
3.1 Simulation results for the graphical method

Table 2 presents preliminary Monte Carlo evidence (under the null of no predictability)
for the recursive residuals diagnostic test that is described in Sect. 2.4. Considering 25,000
simulated graphs (i.e. the number of repetitions of the experiment is 25,000) we report, in
terms of average percentages, the number of point estimates of Net — SSEp which are

14 This experiment is carried out under the null of no predictability. Also, correlation & is set to zero since it
does not seem to have an effect on qg * when larger samples are employed.

15 Analogously, we obtain the corresponding critical values with respect to the 1% and 10% significance
levels.

16 Note that, henceforth, the subscripts or superscripts j and k are omitted in the tables for the sake of
simplicity.
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Table 2 Simulation results for £ under the null of no predictability

Panel A Panel B Panel C
DGP  Normal errors GARCH(1,1)-normal errors GARCH(1,1)-¢ (5)
errors
) 0 0
Sample size  ; — % 0 -05 -09 0 -05 -09 0 -05 -09
T=80 0.4 340 356  40.1 340 356 404 333 36.0 403
0.6 309 322 372 314 321 368  31.1 33.6 376
1.0 27.1 284 332 266 292 320 267 293 339
2.0 209 225  27.1 207 226 274 217 23.6 269
T=400 0.4 334 344 358 335 339 359 333 346 36.0
0.6 309 315 329 303 31.6 339  30.1 31.6 337
1.0 275 275 299 271 278 286 273 281 298
2.0 222 231 244 223 23.0 247 216 23.6 249
T=1000 0.4 333 334 344 327 340 340 334 33.6 335
0.6 305 313 31.8 303 30.5 319 300 304 314
1.0 27.0 272 281 275 282 279 275 278 284
2.0 227 228 237 227 228 228 222 233 237
T=1600 0.4 332 330 334 329 33.6 337 331 33.8 346
0.6 303 309 308 312 31.0 307 300 30.6 319
1.0 272 274 282 268 275 281 276 272 28.0
2.0 223 228 232 225 223 229 228 228 234

Explanation: This table presents preliminary simulation results for the graphical procedure of Goyal
and Welch (2003) that was described in Section 2.4.1. The graphical diagnostic is simulated over 25,000
replications. At each replication 7, we calculate the fraction of the point estimates of the graph which
are positive in the out-of-sample period. This table tabulates the average percentages of positive points
considering the total number of replications, denoted by ¢ (see, section 2.4.2 for details). We consider
different proportions of out-of-sample (P) to in-sample (R) observations, denoted by =, as well as different
levels of correlation (6) between the errors of the returns and dividend-price ratio processes. Panel A
reports results with respect to the returns data generating process (DGP) that is based on Gaussian errors
while Panels B and C show the results with respect to the DGP that uses GARCH(1,1)-normal errors and
GARCH(1,1)-# errors with five degrees of freedom, respectively (see Section 2.1 for a detailed description)

positive in the out-of-sample period. This is expressed in Eq. (11) (see Sect. 2.4.2) and it is
denoted by ¢;i (or 7 for simplicity). Table 2 shows the results for sample sizes of 80, 400,
1000 and 1600 observations and for proportions of out-of-sample to in-sample observations
(7 ) which take the values 0.4, 0.6, 1.0 and 2.0. Finally, we allow for the negative correla-
tion ¢ that is often found between the errors in the excess returns and dividend-price ratio
processes, a quite common assumption in empirical work (e.g., Campbell and Yogo 2006;
Hjalmarsson 2011).

With respect to the case of Gaussian errors (see Sect. 2.1.1), the results in Panel A show
that the presence of correlation affects the graphical procedure in small samples but the
diagnostic appears to be quite robust as the sample size increases. For example, when the
sample size is 80, 7 is 0.6 and there is no correlation (i.e. § = 0), our simulations suggest
that we would expect the conditional model to outperform about 30.9% of the time. How-
ever, the corresponding percentage rises to 37.2% when correlation is set to —0.9. On the
other hand, the larger data sets we employ, the less correlation affects the results. Take for
example the case of 1600 observations, with m being 0.6: ¢ would rise from 30.3% with no
correlation, to 30.8% when correlation is set to —0.9.
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Another factor that seems to play an important role is the way we split the sample size
so as to construct out-of-sample forecasts. For all cases, as 7 increases (i.e. fewer observa-
tions are held to produce forecasts) the average percentages drop significantly. For instance,
if we employ a sample of 400 observations with # = 0.4 and 6 = —0.5, we would expect
the dividend model to outperform the historical moving average model 34.4% of the time.
On the contrary, if we decrease the in-sample size ( R) so as 7 increases to 2.0, the cor-
responding percentage drops to 23.1%. This result implies that it is more difficult to detect
any predictive ability when longer out-of-sample periods are used.

Results for ¢ are almost identical when we employ GARCH(1,1) errors to construct the
returns series and thus, there is no need to further comment on those (see Table 2, Panels B
and C). This is clearly a positive sign for the robustness of the graphical diagnostic since it
exhibits similar behaviour under the assumption of heteroskedasticity in the errors, to the
behaviour under normality.

3.2 Simulation results: Size

In order to assess the finite-sample performance of the graphical diagnostic (denoted by
GW in the tables) together with the performance of the more conventional statistics (see
Sect. 2.3), we run simulations and report estimates of the probability of making a type I
error.'” The null hypothesis assumes equal predictive accuracy between the two competing
forecasting models. As mentioned in the methodology, all tests are one-sided. The one-sided
alternative hypothesis implies that the unconditional model has a higher forecasting error
than the dividend model. Table 3 tabulates the empirical rejection rates at the 5% nominal
size.'® The number of simulations is 25,000. Critical values for the conventional tests are
taken from McCracken (2007) while for the graphical diagnostic we use our own empirical
critical values, as explained in Sect. 2.4.3 and presented in Table 1.

We start the discussion from Panel A which is related to the data generating process
that uses Gaussian errors to construct the returns series. Looking at the small sample of
80 observations, we find that, in the absence of correlation, all statistics are relatively
well-sized although they are oversized when 7 is 0.4 and slightly undersized when 7
is 2.0. For all levels of correlation, the statistics exhibit their worst performance when 7
is smallest and equal to 0.4. The graph-based sign test rejects the null between 8% and
10.9%, the MDM statistic between 6.7% and 10.5% while the MCCR statistic performs
better with rejection rates between 5.9% and 8.2%. Regarding the other cases of 7 ’s
(between 0.6 and 2.0), when correlation is modest (i.e. § = —0.5), the graphical diagnos-
tic retains good size properties with rejection probabilities ranging from 5.6% (Panel A,
7 = 2.0) to 5.9% (Panel A, m = 0.6, 1.0), outperforming the MDM statistic which has
actual sizes between 4.7% (Panel A, 7 = 2.0) and 6.4% (Panel A, 7 = 1.0). The MCCR
statistic exhibits the best size properties with empirical sizes ranging from 4.9% (Panel
A, m =2.0)to 5.6% (Panel A, m = 1.0). However, when correlation is strongly nega-
tive (i.e. & = —0.9), both the graphical procedure and the MDM statistic appear more
oversized (reaching actual sizes of 8.9% and 8.6%, respectively) while the MCCR statistic

17 By definition, the probability of committing a type I error is the probability of rejecting the null when it
is true.

18 Results with respect to the DM statistic are not reported since in larger samples they are almost identical to
the MDM statistic. The latter however, performs slightly better when the sample size is 80.
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is found relatively more reliable (with rejection probabilities between 6.5% and 7.3%).
Furthermore, the size distortions of the tests fall as the number of post-sample predictions
P rises and 7 becomes larger.

As the sample size increases, all statistics appear well-sized and the effect of correlation
seems to diminish in most cases. For example, when the sample size is 1000 and = = 2.0,
GW rejects the null between 5.1% and 5.7%. In general, the finite-sample performance of
the graphical diagnostic is quite satisfactory as it exhibits similar size properties to the more
conventional tests.

The results follow a similar pattern if we extend the DGP to consider the case of
GARCH(1,1)-normal errors and the MCCR statistic yields better size properties in small
data sets. Still, all tests are well-sized when sufficiently large data sets are employed (Table
3, Panel B).

On the other hand, when we consider data generated from a fat tailed i.i.d. distribu-
tion (Table 3, Panel C), we observe some differences compared to the normal or to the
GARCH(1,1)-normal case. Although the MCCR statistic is still better for the small sample
of 80 observations, its empirical size has now increased compared to the homoskedastic
case. Additionally, its performance has relatively worsened in some cases compared to the
other two statistics. For example, when we employ a sample of 1600 observations and corre-
lation is set to —0.9, its rejection probabilities are 7.0%, 6.2%, 6.6% and 6.1% for 7= being
equal to 0.4, 0.6, 1.0 and 2.0, respectively. The corresponding rejection rates in the case of
Gaussian errors were 5.5%, 4.7%, 5.3% and 5.0% (Table 3, Panel A). On the contrary, the
graphical diagnostic has improved its size properties in three out of four cases and yields
empirical sizes between 5.3% and 6.0%. The MDM statistic in this case rejects the null
between 4.9% and 6.1%. It should be noted however that, again, all statistics are well-sized
in most cases and the results do not change significantly when we employ GARCH(1,1)
errors to generate the returns series.

3.3 Simulation results: Power

In this section, we report the empirical power of the graphical procedure and the conven-
tional tests of equal predictive accuracy at the 5% nominal level.!® Panels A, B and C of
Table 4 show the results for the cases of normal, GARCH(1,1)-normal and GARCH(1,1)-
t (5) errors that were presented in Sect. 2.1. The parameter values of b in Eq. (1) are chosen
to be 0.01, 0.02 and 0.05.2° For brevity, Table 4 tabulates power results only for sample
sizes of 80 and 1600 observations (i.e. the two extreme considered cases in this study). The
number of replications is 25,000.

With respect to the DGP with normal errors (Table 4, Panel A), we find that the statistics
exhibit similar performance in small samples of 80 observations and they are not very pow-
erful. A value of 0.05 is needed to give the MCCR statistic an edge so as to start outperform-
ing. Also, the power increases in magnitude with correlation. As expected, for all statistics
the power increases significantly with larger data sets. The MCCR statistic only slightly
outperforms the MDM and the GW statistics when b = 0.01 but increasing the value of b
results in a significant gain of power of the former relative to the latter two alternatives. For

19 The power of a test statistic (i.e. 1 minus the probability of making a type II error) is by definition the prob-
ability of rejecting the null hypothesis when it is actually false.

20 Higher values of b result in powers that are equal or very close to one.
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example, when 7' = 1600, 6 = —0.9, 7 = 1.0 and b is set from 0.01 to 0.05, the empiri-
cal rejection probability for MCCR increases from 15.6% to 97.3%. On the other hand, the
MDM statistic increases its empirical rejection probability from 15.1% to 87.9% while the
graphical procedure starts from 14.2% and yields 71.9%. Results are similar with respect to
the GARCH(1,1)-normal case (Table 4, Panel B).

When we model the innovations of the returns series as a GARCH(1,1)-¢ process with
five degrees of freedom, the MCCR statistic is still found to be the most powerful statistic
(Table 4, Panel C). The only difference comes from the fact that all corresponding powers
decrease in magnitude compared to the homoscedastic case.

To briefly summarize, we find that the GW graphical procedure exhibits a satisfactory
size and power performance in finite samples and appears to be quite robust under most
considered scenarios. Hence, in conjunction with its dynamic nature which may reveal use-
ful information in an empirical study, our paper suggests that it can be an important comple-
mentary tool to more conventional methods seeking to evaluate out-of-sample predictive
ability.

3.4 Using small-sample critical values

Finally, we obtained small-sample simulated critical values and repeated all size and
power experiments for the graphical diagnostic of GW.?! Consistent with the approach
we followed to obtain large-sample critical values based on a sample of 6000 observa-
tions (explained in Sect. 2.4.3), we repeated the same steps for smaller samples of 80,
400, 1000 and 1600 observations. Based on 50,000 replications for each sample size, we
calculated qﬁk, as defined in Eq. (10), at each replication. For all cases, the 95th percentile
of the empirical distribution is chosen as the critical value at the 5% level. The small-
sample critical values can be found in Table 5 of the Appendix, whereas Table 6 and Table
7 present the size and power results, respectively, across all scenarios examined in our
primary analysis.

As can be seen in Table 6, our results remain robust, and our main inferences are unaf-
fected. In particular, we observe that the graphical diagnostic exhibits good size proper-
ties overall and correctly rejects the null under most scenarios. The rejection probabilities
follow a similar pattern across the different data generation processes we consider. As
expected, correlation occasionally has a greater impact on the smaller sample of 80 obser-
vations. Note that there are no tabulated results for 7" = 80 and © = 0.4, as the out-of-
sample period in this case is too small to generate a critical value less than unity (see also
Table 5).

Moving on to the power results which are tabulated in Table 7, we again draw
similar conclusions. For the two extreme sample sizes of our study, we find that using
the small-size simulated critical values leads to qualitatively similar results. In line
with our previous findings, all powers increase as b increases from 0.01 to 0.05. As
expected, the estimated powers are smaller for the sample size of 80 observations
while there is a significant power increase with the larger sample of 1600 observa-
tions. Again, the power results reveal a similar pattern under different scenarios of data
generating processes.

21 We are grateful to an anonymous reviewer for this suggestion.

@ Springer



A graphical procedure for equity premium and stock return prediction:...

Table 4 Power results

Panel A: Empirical power of nominal 5% tests (DGP with normal errors)

6=0 6§=-0.5 6=-0.9
b b b

Statistic 7= PR 0.01 0.02 0.05 0.01 0.02 0.05 0.01 0.02 0.05

T=80
MDM 0.6 5.4 5.9 9.9 6.7 7.7 12.3 8.4 9.5 15.1
MCCR 53 6.1 12.4 6.3 7.7 14.9 7.6 9.0 18.3
GW 5.7 6.0 8.9 6.1 7.2 10.9 7.8 8.5 133
MDM 1.0 5.6 5.9 11.1 6.6 8.1 14.1 9.0 10.4 16.9
MCCR 53 6.0 12.9 6.3 7.9 16.2 8.3 10.0 19.5
GW 52 5.5 9.5 6.3 7.8 11.9 8.4 9.9 16.0
MDM 2.0 44 5.0 9.4 5.6 6.7 13.1 7.7 8.7 16.0
MCCR 4.6 5.6 11.6 5.9 7.3 15.4 7.5 9.4 18.6
GW 5.0 53 8.7 6.2 7.0 12.5 8.6 104 17.8

T=1600
MDM 0.6 10.2 25.1 69.4 11.3 26.2 71.7 12.1 26.4 73.5
MCCR 12.5 36.0 88.9 13.3 37.9 91.7 14.1 384 94.4
GW 9.0 19.6 454 11.0 22.6 51.3 13.0 26.2 58.9
MDM 1.0 12.7 31.6 83.4 13.7 33.1 85.3 15.1 345 87.9
MCCR 14.4 394 93.5 15.2 41.6 95.5 15.6 433 97.3
GW 10.8 24.0 59.7 12.7 27.3 65.7 14.2 31.5 71.9
MDM 2.0 13.4 37.0 922 14.3 38.1 93.8 14.9 39.2 95.8
MCCR 14.8 43.0 96.8 15.8 449 97.9 16.1 46.2 99.2
GW 11.7 28.7 75.0 134 32.1 79.6 14.7 35.1 84.3
Panel B: Empirical power of nominal 5% tests (DGP with GARCH(1,1)-normal errors)

6=0 6=-0.5 6=-0.9

b b b

Statistic 7= PR 0.01 0.02 0.05 0.01 0.02 0.05 0.01 0.02 0.05

T=80
MDM 0.6 5.8 6.5 11.2 7.5 8.9 15.3 10.5 11.9 18.6
MCCR 5.6 6.3 14.2 6.9 8.5 18.4 9.0 11.0 22.6
GW 5.8 6.0 9.5 7.1 7.9 13.2 9.4 10.3 16.0
MDM 1.0 5.8 6.4 13.0 7.8 9.3 17.6 10.3 12.3 20.3
MCCR 5.5 6.5 154 7.0 8.9 20.0 9.2 12.0 235
GW 53 6.0 10.6 72 8.4 15.2 10.1 12.1 19.1
MDM 2.0 43 5.1 12.1 6.1 7.7 16.1 8.5 10.7 18.4
MCCR 4.6 5.6 14.5 6.3 8.2 18.9 8.7 11.3 21.9
GW 4.7 5.5 10.4 6.9 8.1 15.6 10.3 12.4 20.6

T=1600
MDM 0.6 12.0 27.4 73.9 12.8 28.7 75.6 13.4 29.2 76.7
MCCR 14.8 40.1 91.6 15.3 41.8 93.4 16.2 434 95.4
GW 10.1 21.4 47.5 124 252 55.2 14.3 29.1 62.9
MDM 1.0 143 353 87.0 15.0 36.3 88.3 16.0 36.9 89.5
MCCR 16.1 444 95.4 16.4 46.0 96.9 17.5 47.4 97.8
GW 11.8 26.5 63.3 13.8 30.5 69.6 15.3 334 75.0
MDM 2.0 14.7 41.1 94.7 15.6 42.5 95.8 16.7 424 96.3
MCCR 16.5 48.2 98.1 17.2 50.0 98.9 18.4 50.9 99.3
GW 12.4 32.2 78.8 14.1 353 82.9 15.8 38.1 86.1
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Table 4 (continued)

Panel C: Empirical power of nominal 5% tests (DGP with GARCH(1,1)-#(5) errors)

6=0 6=-0.5 6=-0.9
b b b

Statistic 7= PR 0.01 0.02 0.05 0.01 0.02 0.05 0.01 0.02 0.05

T=80
MDM 0.6 5.8 6.0 8.5 7.9 8.5 12.2 9.5 11.1 15.7
MCCR 52 5.8 9.2 7.0 7.9 12.7 8.2 10.1 17.1
GW 5.8 5.9 7.4 7.4 79 10.6 8.8 9.8 13.8
MDM 1.0 6.0 6.1 8.8 8.0 8.4 13.0 10.3 11.6 17.1
MCCR 5.4 5.8 9.4 7.0 7.7 132 9.1 10.6 18.1
GW 5.6 6.1 7.7 7.4 7.8 12.0 10.2 11.3 16.1
MDM 2.0 4.4 4.7 7.7 6.5 7.5 11.8 8.4 9.5 15.0
MCCR 4.5 5.0 8.4 6.3 7.3 12.5 8.5 9.9 16.8
GW 49 5.0 7.3 7.3 7.8 11.9 9.9 11.1 16.9

T=1600
MDM 0.6 6.8 12.8 40.7 8.3 15.2 442 9.2 18.0 48.5
MCCR 7.6 16.0 589 9.6 19.6 65.8 11.5 25.0 74.5
GW 6.6 11.4 29.9 8.5 14.7 37.2 10.3 18.2 44.8
MDM 1.0 7.8 15.6 51.7 9.5 18.1 54.8 54.8 20.8 61.0
MCCR 8.1 17.7 64.4 9.7 214 70.7 12.3 26.4 78.8
GW 7.2 12.9 389 8.9 16.2 459 10.6 19.9 535
MDM 2.0 8.0 16.6 60.6 9.7 19.9 64.1 10.4 22.5 70.0
MCCR 8.4 18.7 69.4 10.5 22.5 74.9 12.1 27.4 82.0
GW 7.4 14.5 48.1 8.9 17.8 54.2 10.8 21.1 62.6

Explanation: This table tabulates the empirical power of the graphical procedure of Goyal and Welch
(2003) (GW) together with the empirical power of the more conventional tests of equal predictive accuracy,
at the 5% nominal level. MDM denotes the modified version of the Diebold and Mariano (1995) statistic
suggested by Harvey et al. (1997) while MCCR denotes the test developed by McCracken (2007). The
empirical powers are in percentages and the number of simulations is 25,000. For brevity, power results
are shown only for sample sizes of 80 and 1600 observations. We consider different proportions of out-
of-sample (P) to in-sample (R) observations, denoted by x, as well as different levels of correlation (§)
between the errors of the returns and dividend-price ratio processes. Panel A reports results with respect
to the returns data generating process (DGP) that is based on Gaussian errors while Panels B and C show
the results with respect to the DGP that uses GARCH(1,1)-normal errors and GARCH(1,1)-¢ errors with
five degrees of freedom, respectively (see Section 2.1 for a detailed description)

4 Conclusion

The present paper extends Goyal and Welch’s (2003) (GW) work and uses Monte Carlo
simulations to assess the robustness of the recursive residuals graphical approach which
they propose as a powerful diagnostic for equity premium and stock return prediction. The
GW graphical technique has received much attention in the literature and numerous stud-
ies employ it as a useful tool to assess the relative out-of-sample predictive performance of
competing models in various contexts (for recent applications see, inter alia, Alexandridis et
al. 2023; Deng et al. 2024; Liu et al. 2024; Yin and Yang 2024; Gao et al. 2025; Hong et al.
2025). We contribute to the extant financial econometrics and return predictability literature
by simulating the graphical procedure and we offer new evidence by exploring its unknown
finite-sample properties. This in an important issue which is of particular interest for both
academics and investors who use only currently available data to construct forecasts and to
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form investment strategies. We base our approach on a sign test which is derived from the
algebraic representation of the diagnostic. Our study is motivated by the dynamic nature of
the graphical method which allows us to identify the actual time periods where a predictive
variable succeeds (or fails) in predicting stock returns. Hence, graphing recursive residuals
may uncover valuable insights into stock return predictability, providing a strong rationale
for further examination of this approach.

Turning to our methodology, we first obtain simulated recursive out-of-sample forecasts
which are derived from two models: The unconditional historical moving average model
(i.e. our benchmark model) and the conditional dividend-price ratio model. At each replica-
tion, the algebraic expression of the graphical diagnostic is computed. Since a positive value
in the graph is an indication of out-of-sample predictive ability, we focus on the expression
that represents the percentage of positive values. Our findings indicate that the presence of
correlation affects the graph in small samples but the procedure is robust when sufficiently
large data sets are employed and the impact of correlation diminishes.

Taking our research even further, we run experiments and examine the finite- sample size
and power properties of the procedure. For that purpose, we calculate empirical critical val-
ues with respect to different proportions of out-of-sample to in-sample observations and we
perform one-sided tests at the 5% significance level. As a result, our study offers a “formal”
comparison between the graphical diagnostic and the more conventional tests of out-of-
sample forecasting accuracy. In particular, we also consider the classic Diebold and Mariano
(1995) (DM) statistic, its modified version suggested by Harvey et al. (1997) (MDM) as
well as a subsequent and influential test developed by McCracken (2007) (MCCR) (for
recent empirical applications of these tests, see Gupta et al. 2023; Lan et al. 2024; Yang et
al. 2024; Labonne 2025).

With respect to size experiments, we find that in small samples all employed statistics are
reasonably sized, given that the level of correlation is moderate. However, the tests become
more oversized when a high correlation is considered. Under this scenario, the MCCR test
appears to be relatively more reliable. As the sample size increases, the considered statistics
are appropriately sized and exhibit a similar performance. Apart from the case of small data
sets, the graphical diagnostic of GW is found to be well-sized and retains good size proper-
ties even under the assumption of heteroskedasticity in the errors which is a common feature
of financial data.

Furthermore, power simulations reveal that all tests yield relatively low powers in small
samples and they display a similar performance. On the other hand, when larger data sets are
employed, the corresponding powers significantly increase in magnitude and all statistics
achieve a solid performance. In line with previous work, the MCCR statistic is generally
found to be the most powerful in a strictly statistical sense (see, McCracken 2007). The
results follow a similar pattern for all cases of data generating processes under consideration
(i.e. based on normal as well as heteroskedastic errors).

Overall, our simulations suggest that the graphical procedure of GW can be an impor-
tant complement to more conventional methods seeking to assess out-of-sample predictive
ability. Hence, given it can convey useful information and reveal hidden periods of out-of-
sample predictive (in)ability, our paper further advocates its future use by academics and
investors alike.
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Appendix for “A graphical procedure for equity premium and stock
return prediction: Monte Carlo evidence”

Table 5 Small-sample simulated empirical critical values

T=80

T = % 99th Percentile 95th Percentile 90th Percentile
0.1 1.000 1.000 1.000
0.2 1.000 1.000 0.923
0.4 1.000 1.000 0.913
0.6 1.000 0.967 0.833
0.8 1.000 0.944 0.806
1.0 1.000 0.925 0.775
1.2 1.000 0.886 0.727
1.4 1.000 0.891 0.717
1.6 1.000 0.857 0.673
1.8 1.000 0.843 0.647
2.0 1.000 0.811 0.623
3.0 0.967 0.717 0.517
T=400

= % 99th Percentile 95th Percentile 90th Percentile
0.1 1.000 1.000 0.944
0.2 1.000 0.985 0.925
0.4 1.000 0.965 0.877
0.6 1.000 0.947 0.840
0.8 1.000 0.933 0.809
1.0 0.995 0.915 0.770
1.2 0.991 0.894 0.748
1.4 0.991 0.880 0.721
1.6 0.992 0.874 0.707
1.8 0.988 0.849 0.674
2.0 0.985 0.835 0.652
3.0 0.970 0.763 0.567
T=1000

p— % 99th Percentile 95th Percentile 90th Percentile
0.1 1.000 0.989 0.934
0.2 1.000 0.976 0.910
0.4 1.000 0.962 0.871
0.6 0.997 0.941 0.827
0.8 0.995 0.921 0.791
1.0 0.994 0.912 0.770
1.2 0.993 0.895 0.749
1.4 0.991 0.873 0.717
1.6 0.990 0.867 0.696
1.8 0.989 0.854 0.681
2.0 0.985 0.841 0.666
3.0 0.969 0.775 0.583
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Table 5 (continued)

T=1600

= % 99th Percentile 95th Percentile 90th Percentile
0.1 1.000 0.986 0.938
0.2 1.000 0.974 0.907
0.4 0.998 0.958 0.871
0.6 0.997 0.943 0.832
0.8 0.996 0.928 0.800
1.0 0.994 0.911 0.771
1.2 0.992 0.892 0.741
1.4 0.992 0.883 0.727
1.6 0.990 0.861 0.701
1.8 0.986 0.848 0.678
2.0 0.988 0.838 0.668
3.0 0.973 0.785 0.594

Explanation: This table tabulates the small-sample simulated critical values at the usual levels of
significance, for the sign-based test inspired by the graphical procedure of Goyal and Welch (2003). The
99th, 95th and 90th percentiles are derived from experiments which use samples of 80, 400, 1000 and
1600 observations. The number of repetitions is 50,000. Section 2.4.2 describes the simulation approach.
To obtain the small-sample critical values in this table, we follow the same steps as explained in Section
2.4.3 in relation to a large sample of 6,000 observations. The ratio of out-of-sample (P) to in-sample (R)
observations is denoted by z. Table 5 shows the results with respect to various values of 7

@ Springer



N. M. Kellard, F. I. Papadimitriou

(uondL1osap pa[Ielap e 10J 4°¢ pue ['g SUoI}ddg
99S) WIOPAdIJ JO SAAITOP AAY YIIM SIOLId I-([‘)HOI VD $sn ¢dD Pue $SI0110 [ewLIou-([ ) HOY VD shojdwo gdDH( SI01Id URISSNED) U0 Paseq SI [dDH( :SUInal y00)s Iof
(dDQ) s9ss9001d Sunerdauas eyep JUAIPIP 03 193dsal Yyim paj10dar a1e sINSAY ‘s9s$0001d 01381 9011d-PUIPIAIP PUL SUINIAI ) JO SIOLID Y} UIIMIQq (Q) UOHIB[ALIOD JO S[QAI]
JUQIQYIP SE [[9M SB ‘A AQ PAIOUP ‘SuoNeAIdsqo () jdwes-ur 03 (J) d[dwes-Jo-1no jo suontodoid JUSISPIP IOPISUOD A "000°ST ST suoneordar Jo roquinu oy [, *SaN[BA [BOIILIO
pojernuuis o[duwes-[[ews SuIsn uaym [9A9] [RUIWOU %6 Y} 18 (A D) (£007) UM pue [eAoD Jo arnpadsoid [eoryderd oy jo azis eorridwd oy sjuasaxd 9jqe) sy, :uoneuejdxyg

9'¢
9¢
1Y
09
9°¢
149
€9
149
9°¢
S9
09
LS
60

LS
8t
4
L's
0°¢
0°¢
9°¢
s
43
09
S's
4
S0

1Y
s
s
0°S
0°¢
0°¢
0°¢
6t
6t
4
s
49
0

Q
0091 = L

6'S
1Y
LS
S9
6'S
Y
L9
€9
8¢
9
8¢S
¥'S
6°0-

LS
49
49
LS
s
0°¢
9
LS
1Y
8¢
8Y
s
S0

1Y
0°¢
6'Y
1Y
6t
9Y
4
0°S
4
6'Y
Ly
9Y
0

Q
0001 =L

0L
€9
9
69
€9
99
'L
9
1'9
9
9°¢
LS
6°0-

€9
149
6°S
9
4
0°¢
9
6t
I's
8¢
8V
0°¢
S0-

¥'s
0°¢
0°¢
6y
LY
6t
0°¢
8y
0°¢
8
Ly
144
0

Q
00¥ = L

1°01
9'6
L6
S'L
0L
'L
Ly
4
9v

'8
L9
69
6'S
4
1Y
(44
6'¢
I'v

Y
4
€S
3%
0y
(44
S'e
ge
ve

0
Q
08 =L

0¢

0l

90

¥0
dd=2

£d4Dd
dbd
1dDd
£€dDd
dbd
1dDd
£dDd
dbd
1dDd
£€dDd
dbd
1dDd

d9d

51591 JO (%) sonnfiqeqoid uonoofoy 9 ajqer

pringer

A's



A graphical procedure for equity premium and stock return prediction:...

Table 7 Empirical power of nominal 5% tests

8=0 8=-0.5 §=-0.9
b b b
DGP n=P/R 0.01 0.02 0.05 0.01 0.02 0.05 0.01 0.02 0.05
T=80
DGP1 0.6 3.6 3.8 5.8 42 4.8 72 5.0 5.5 8.4
DGP2 3.6 4.0 59 4.1 4.6 6.9 4.9 53 8.4
DGP3 3.8 4.9 10.3 4.7 5.6 9.6 5.1 6.0 8.9
DGP1 1.0 43 4.9 7.8 53 6.5 10.1 6.9 7.8 12.5
DGP2 4.4 49 7.8 53 6.2 10.2 6.7 7.8 12.3
DGP3 4.8 6.5 14.5 6.3 7.7 14.5 72 8.6 13.0
DGP1 2.0 5.8 6.2 10.1 7.5 8.3 14.5 10.3 12.0 19.7
DGP2 5.5 6.4 10.2 6.9 8.1 14.4 9.8 11.3 19.1
DGP3 4.9 5.0 7.3 7.3 7.8 11.9 9.9 11.1 16.9
T=1600
DGP1 0.6 9.3 19.5 45.2 11.3 232 51.6 13.1 26.4 59.9
DGP2 9.5 19.4 453 11.1 22.5 514 12.9 26.2 58.6
DGP3 18.1 35.1 63.5 16.3 32.1 67.6 12.9 25.0 59.3
DGP1 1.0 10.7 24.0 58.0 12.1 27.0 64.4 13.8 30.7 72.0
DGP2 10.4 23.7 58.1 12.2 272 64.7 13.7 30.0 70.5
DGP3 222 454 78.3 17.3 39.0 80.7 13.5 28.3 71.0
DGP1 2.0 11.6 293 75.7 12.8 322 80.2 14.5 34.7 84.8
DGP2 12.1 28.8 75.0 12.8 31.9 79.7 14.1 34.1 83.6
DGP3 26.1 58.9 92.8 19.3 47.4 92.8 13.7 314 81.6

Explanation: This table tabulates the empirical power of the graphical procedure of Goyal and Welch
(2003) (GW) at the 5% nominal level when using small-sample simulated critical values. The empirical
powers are in percentages and the number of simulations is 25,000. In line with our primary analysis, power
results are shown only for sample sizes of 80 and 1600 observations. We consider different proportions
of out-of-sample (P) to in-sample (R) observations, denoted by =, as well as different levels of correlation
(9) between the errors of the returns and dividend-price ratio processes. Results are reported with respect
to different data generating processes (DGP) for stock returns: DGP1 is based on Gaussian errors; DGP2
employs GARCH(1,1)-normal errors; and DGP3 uses GARCH(1,1)-¢ errors with five degrees of freedom
(see Sections 2.1 and 3.4 for a detailed description)
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